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Abstract 
This study aims to use combined wavelet and neural network model to extract electroencephalogram (EEG) signal features 
during anesthesia and classify them according to the Depth of Anaesthesia (DOA). EEG signals were selected according to their 
Bispectral Index (BIS) value during anaesthesia and were processed using Discrete Wavelet Transform (DWT).The 
dimensionality of the wavelet coefficient vectors were reduced by extracting key features from their distribution. Artificial 
Neural networks (ANN) were implemented using the extracted features of EEG signals as inputs and then classifying anesthetic 
depth as awake, light anesthesia, moderate anaesthesia, deep anesthesia and very deep anaesthesia. The proposed model will 
classify depth of anaesthesia accurately. 
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1. Introduction 
Anaesthesia is used to facilitate surgery to minimize pain, patient recall and discomfort during surgical procedure. 
Under general anaesthesia patient feels no pain and often does not recall the surgical events. One of the current 
challenges in anaesthesia is monitoring the patient's depth  of anaesthesia during the surgical procedure and adequate 
dosing of anaesthetic drugs. 
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Monitoring anaesthesia is not only for keeping the patient under adequate anaesthesia but also for preventing the 
patient from overdosing of anaesthetic drugs. For providing anaesthesia anaesthesiologist use various drugs like 
Propofol, Thiopental Sodium, Etomidate and Ketamine etc .High dose of anaesthetic drugs may drive the patient into 
a deeper plane of anaesthesia and this may lead to delayed recovery from anaesthesia. Sometimes accidental high 
doses may lead to coma. On the other hand low doses of anaesthetic drugs may end up patient being aware during 
surgery. Hence, continuous monitoring of anaesthesia during surgery will avoid patient awareness due to inadequate 
anaesthetic level and also avoid incidental overdosing of anaesthetic drugs. 
Many anesthesiologists monitor and maintain the depth of anaesthesia by observing parameters such as blood 
pressure, heart rate, body movement and airway pressure etc. All these parameters may not give the correct plane of 
anaesthesia. Since, the anaesthetic drugs acts mainly on the Central Nervous System (CNS), the EEG signal 
processing during anaesthesia is useful to monitor the patient’s depth of anaesthesia.  
Earlier, EEG signal analysis were conducted for sleep stage classification1,2, to detect and classify various medical 
disorders like epilepsy, depression3,4,5 and for the brain computer interfaces 6,7 .All these studies were done on awake 
and sleeping patients. EEG analysis during anesthesia was started with analyzing the spatiotemporal patterns of the 
EEG signals using Lempelziv complexity analysis8. The scaling behavior of the EEG signal is used to measure the 
level of consciousness9, 10 using Detrended fluctuation analysis. Following which Detrended Moving-Average 
(DMA) method was used to quantify correlation properties of nonstationary EEG signals11. Recently, EEG signals 
processing using wavelet transform, eigenvector and normalization techniques were developed12-15. Combination of 
wavelet transforms and Artificial Neural Network (ANN) was introduced for various applications. The advantage of 
neural network in model development is its strong adaptive nature, ability to learn, nonlinear mapping capabilities, 
robustness and fault tolerance4, 16.Various depth of anaesthesia monitors based on EEG signals are commercially 
available, but none of them are reliable 17 . 
Present study uses EEG signals during anesthesia and were processed using Discrete Wavelet Transform (DWT). 
Following which an ANN model was implemented to classify EEG signal features into awake state, light anesthesia 
state, moderate anesthesia state, deep anesthesia state and very deep anesthesia state. The paper is organized as 
Section 2 explains the methodology, Section 3 highlights the results and discussions and finally Section 4 deals with 
conclusion. 
2. Methodology 
2.1.  Data Selection 
In this study data obtained from The University of Queensland Vital Signs Dataset18 were used. Out of 32 
datasets, 4 patient’s data who had undergone general anaesthesia were analyzed (case-28, 29, 30, 31) and in whom 
duration of surgery ranged between 1 hour to 3 hours. The downloaded data included EEG and BIS value obtained 
from four adhesive forehead electrodes using BIS monitor. BIS is currently available DOA monitor. The datasets 
were recorded with sample rate of 10-milliseconds. 
The whole data set is divided into five groups according to BIS value. BIS shows a dimensionless value in the 
range 0–100 depending on depth of anaesthesia. The relationship between the EEG and the BIS value are indicated 
by different states of anaesthesia19, 20. The range of BIS value for different states of anaesthesia are illustrated in 
Table 1 
 Table 1. Range of BIS value for different levels of depth of anaesthesia 
Group Group-I Group-II Group-III Group-IV Group-V 
BIS value 80-100 60-80 40-60 20-40 <20 
State of Anesthesia Awake Light 
Anesthesia 
Moderate 
Anesthesia 
Deep 
Anesthesia 
very deep 
anesthesia  
 
BIS value of 100 represents fully awake state and zero indicates an isoelectric EEG state or brain dead state. If 
BIS value is maintained between 40 and 60 then the risk of awareness is rare. Below this range indicates excessive 
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anaesthetic depth and above indicates light anaesthetic depth 21. Fig.1 shows five groups (denoted I,II,III,IV,V) each 
containing single-channel EEG signals with  sample rate of 10-millisecond (10 seconds data (1000 data samples) are 
considered as  one segment).                                                                                     
 
 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 1. EEG signals of Group-I ,II,III,IV,V 
From Fig.1 it is observed that the frequency is proportional to the BIS value. Group-V (very deep 
anaesthetic state) contains high frequency rhythms compared to Group-I (awake state). Analysis of the signals was 
done by extracting the features from different EEG groups 
2.2. Features Extraction 
EEG signals from different groups were processed using discrete wavelet transform (DWT).The two important 
considerations of DWT analysis are selection of appropriate mother wavelet and the number of decomposition 
levels. Daubechies wavelets are widely used for applications related with EEG signals19. In the present study, 
Daubechies wavelet of order 4 is used as mother wavelet and the number of decomposition levels is chosen to be 4 
based on dominant frequencies required for classification of EEG signals. Thus, the EEG signals were decomposed 
into details CD1–CD4 and one final approximation, CA4. The dimensionality of the wavelet coefficients were 
reduced by extracting key features which are relevant for the classification of depth of anaesthesia.  
 
The following features of wavelet coefficients from each sub band were extracted to classify EEG signals during 
anesthesia: 
 
x Relative Wave Energy(RWE)  
x Energy   
x Maximum  
x Minimum   
x Mean   
x Standard deviation  
 RWE represents the relative energy in each frequency sub band and is used to detect the similarity between 
segments of EEG signal22. 
 
0 100 200 300 400 500 600 700 800 900 1000
-100
0
100
case 29(Group-I EEG signal)
0 100 200 300 400 500 600 700 800 900 1000
-100
0
100
case 29(Group-II EEG signal)
0 100 200 300 400 500 600 700 800 900 1000
-100
0
100
case 29(Group-III EEG signal)
0 100 200 300 400 500 600 700 800 900 1000
-100
0
100
case 29(Group-IV EEG signal)
0 100 200 300 400 500 600 700 800 900 1000
-100
0
100
case 29(Group-V EEG signal)
Amplitude
(microvolts)
Time Samples
1613 V.K. Benzy and E.A. Jasmin /  Procedia Computer Science  46 ( 2015 )  1610 – 1617 
 Energy of wavelet coefficients gives information about the strength of signals and is given by the equation                  
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Where ݆ is the decomposition is level and ݇ is the corresponding wavelet coefficient 
 
Total energy of decomposed levels of a signal segment is given by 
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 Relative wave Energy (RWE) is given by the equation 
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 Other than these two features, the statistical features like Maximum, Minimum, Mean and Standard deviation 
were also extracted. These extracted features were used to classify EEG signal groups according to anaesthetic depth 
as awake state, light anaesthesia, moderate anaesthesia, deep anaesthesia and very deep anaesthesia. 
2.3. Classification 
Artificial neural network (ANN) is used in this study to classify EEG signal according to different anaesthetic 
groups. ANN is highly tolerant to noisy data and also has the ability to classify pattern on which they have not been 
trained. Utilizing this advantage, the features extracted from EEG signals during anesthesia using DWT helps in the 
classification of EEG according to the depth of anaesthesia. A feed forward back propagation ANN is used to 
implement the classification. The activation function employed for all the neuron units in the network is ‘tansig’. 
The architecture of feed forward back propagation network includes 30 input neurons, 5 output neurons and 30 
hidden neurons.  
 
 
 
 
 
 
 
 
 
 
Fig. 2. Architecture of the neural network used to classify different anesthetic states 
3. Results and Discussions 
3.1. Features Extraction 
The EEG signals from different groups were decomposed into detail coefficients such as CD1–CD4 and one final 
approximation coefficient CA4. A total of 1027(503+255+131+69+69) wavelet coefficients were obtained from 
each EEG segment. 
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The decomposition levels (for Daubechies-4 wavelet) and corresponding frequency bands with a sampling 
frequency of 100 Hz is shown in Table 2.These Daubechies wavelet coefficients were computed and analyzed using 
MATLAB.     
   
   Table 2. Decomposed levels and corresponding frequency bands  
   (Daubechies- 4 wavelet and sampling frequency - 100 Hz.) 
Decomposed Level Frequency Bands(Hz)  
CD1 25-50  
CD2 12.5-25  
CD3 6.25-12.5  
CD4 3.125-6.25  
CA4 0 - 3.125  
 
The detail wavelet coefficients of the EEG segment of Group-II is shown in Fig.3. Similarly, all the other groups 
were analyzed. 
 
 
Fig. 3. The detail wavelet coefficients of  Group-II EEG Segment  
 
The extracted features from the first segment of each sub band of 5 different groups are shown in Table 3.The 
RWE, Energy and the statistical parameters (maximum, minimum, mean, and standard deviation) of the wavelet 
coefficients were computed using MATLAB . 
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 Table 3. Extracted features of case -29 for different groups (Anaesthetic states) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
3.2. Neural network Based Classification 
A total of 30 features including 6 features from 4 detail coefficients (CD1-CD4) and one approximation 
coefficient (CA4) as tabulated in table-3 were applied as input to the artificial neural network. The ANN was 
constructed and simulated using the data set formed by 8145 vectors of 30 dimensions. The whole data set is divided 
in to two groups –training data set and testing data set. Training data sets trains the network where as the testing data 
set would check the effectiveness of the classifier. The training data set consists of 5701 vectors of 30 dimensions 
and the training data set consists of 2444 vectors of 30 dimensions. In this study, there were five classes: Group-I 
(awake state), Group-II (light anaesthesia), Group-III (moderate anaesthesia), Group-IV (deep anaesthesia) and 
Group-V (very deep anaesthesia).  
 
Data Set Extracted Features Wavelet Sub Bands 
CD1 CD2 CD3 CD4 CA4 
Group-I Maximum 7.22 26.44 47.89 57.97 114.16 
Minimum -7.50 -18.26 -52.90 -93.71 -130.94 
Mean -0.10 0.04 1.15 -4.78 4.28 
Standard Deviation 2.09 5.50 19.60 30.44 50.44 
Energy 2199.69 7679.39 50100.65 64593.17 174265.54 
Relative wave Energy 0.01 0.03 0.17 0.22 0.58 
Group-II Maximum 42.92 48.03 101.42 63.35 74.54 
Minimum -15.46 -36.54 -112.26 -86.15 -112.70 
Mean 0.22 0.09 0.22 -2.54 -1.41 
Standard Deviation 5.08 9.51 27.67 25.68 30.54 
Energy 12990.26 22951.36 99543.85 45288.84 63580.21 
Relative wave Energy 0.04 0.07 0.30 0.14 0.31 
Group-III Maximum 12.28 34.37 56.05 68.60 197.72 
 Minimum -17.62 -30.93 -62.64 -78.20 -129.39 
 Mean -0.07 -0.11 0.08 -2.02 -3.84 
 Standard Deviation 3.32 7.43 18.30 29.97 56.39 
 Energy 5527.26 14017.87 43533.23 61370.74 217211.90 
 Relative wave Energy 0.02 0.04 0.13 0.18 0.64 
Group-IV Maximum 29.84 26.22 41.89 43.68 114.06 
 Minimum -33.67 -25.55 -43.06 -41.45 -91.18 
 Mean -0.39 0.10 0.54 0.21 -19.08 
 Standard Deviation 9.85 8.71 12.61 15.83 37.55 
 Energy 48804.79 19250.25 20696.17 17035.04 120973.32 
 Relative wave Energy 0.22 0.08 0.09 0.08 0.53 
Group-V Maximum 39.33 40.05 48.55 50.85 151.14 
 Minimum -56.81 -42.99 -46.04 -66.72 -183.31 
 Mean -0.51 0.45 0.50 -0.94 2.34 
 Standard Deviation 16.17 13.25 17.20 22.96 55.56 
 Energy 131377.13 44624.45 38507.26 35897.91 210279.21 
 Relative wave Energy 0.29 0.10 0.08 0.08 0.46 
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 The performance of the network classifier is shown in Fig.4. 
 
                 
 
 
 
 
 
 
 
 
 
 
Fig. 4.  Performance of neural network classifier 
 The output of the classifier is shown in Table 4.  
 
   Table 4. Output of the network classifier 
Category Group-I Group-II Group-III Group-IV Group-V 
Group-I 229 20 1 0 0 
Group-II 3 404 31 0 0 
Group-III 0 2 6971 0 0 
Group-IV 0 0 33 226 24 
Group-V 0 0 110 50 41 
  
Group-I, 229 data sets were classified correctly and 21 data sets were misclassified. In Group-II, 404 data sets 
were classified correctly and 34 data sets were misclassified. In Group-III, 6971 data sets were classified correctly 
and 2 data sets were misclassified. In Group-IV 226 data sets were classified correctly and 57 data sets were 
misclassified. In Group-V, 41 data sets were classified correctly and 160 data sets were misclassified. In the last 
group (very deep anaesthesia state-BIS value (0-20)) is not reached while doing surgery. Hence, this may be 
considered as artifacts. 
Accuracy of the classification is given by the sum of correct classifications divided by the total no of data sets 
used. Therefore, the accuracy of the present classification is found to be 96.6%. 
The combination of wavelet and ANN has been studied in the past for various conditions and is shown in Table 
5 specifying its accuracy. 
 
   Table 5. Comparison of Results with other studies  
Author’s name Condition studied Accuracy (%) 
Ubeyli 4 Epilepsy 94.83% 
Ebrahimi 23 Sleep stage classification 93±4% 
Subasi 24 Alertness level 95±3% 
4. Conclusion 
This paper provides an engineering view of classification of depth of general anaesthesia and it will help to 
improve the current technology for building a safer, reliable, and an efficient clinical environment for anaesthetized 
patients. In the present study the wavelet coefficients for all EEG signals corresponding to the BIS ranges 0-20, 20-
40, 40-60 and 80-100 were extracted using discrete wavelet transform. The dimensionality of the wavelet 
0 50 100 150 200 250
10
-2
10
-1
10
0
Best Validation Performance is 0.02816 at epoch 284
Me
an
 S
qu
ar
ed
 E
rro
r  
(m
se
)
290 Epochs
 
 
Train
Validation
Test
Best
1617 V.K. Benzy and E.A. Jasmin /  Procedia Computer Science  46 ( 2015 )  1610 – 1617 
coefficients were reduced by extracting key features from each sub bands. Finally, these reduced features were 
applied to an ANN classifier to classify the anaesthetic states as awake, light, deep and very deep anaesthesia. The 
accuracy of the present study is found to be 96.6%.This approach can be applied to measure other kinds of 
neurophysiologic changes as in sleep disorders, epilepsy, dementia and intra-cranial space occupying lesion. All 
recently available monitors use only EEG signals to classify depth of anaesthesia without considering hemodynamic 
parameters. Hence, a combination of EEG and hemodynamic parameters may be used in future research for 
classifying depth of anaesthesia. 
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